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PREFACE

This report, SAR Object Change Detection, was prepared by Lockheed

Missiles & Space Company, Inc. (LMSC) for the Rome Air Development Center

(RADC), Griffiss Air Force Base under Contract F30602-78-C-0347. The

study was conducted from 29 September 1978 to 15 June 1979. The objectives

have been to assess the applicability of three region-based change-detection

methods to synthetic aperture radar imagery.
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H
EVALUATION

The work performed in this effort contributed towards the goals of Technical

Program Objective (TPO) R2C. Current automatic change detection techniques

require high subpixel alignment accuracies and have unacceptably high false

alarm rates. This effcct examined three unique, region-based, automatic change

detection techniques as a means of investigating new potential methods which

do not require high subpixel alignment accuracies and which exhibit acceptable

false alarm rates. The results of this study demonstrate the characteristcs, limitations

and capabilities of region based techniques when applied to Synthetic Aperature

Radar (SAR imagery.

DOUGLA 3. PRASKA, 2LT, USAF
Project Engineer
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Section 1

INTRODUCTION AND SUMMARY

1.1 BACKGROUND

The problem of recognition of differences between two images is of interest in
a wide range of applications. An important example is the analysis of side-looking
radar imagery, for which images taken at various times must be compared with a
reference image in order to discern areas where significant differences in detail
exist. The problem is made difficult because of the large volumes of data which
must be inspected in order to detect changes. If human photointerpretation facilities
are not to be overloaded, the process of change detection must be made automatic,
at least in the initial stages, the attention of the human interpreter being directed
only to those few areas where significant changes are likely to have occurred.

Presently developed methods of change detection rely on a combination of
image alignment between the reference and mission images, removal of relative dis-
tortions, grey-shade compensation, and image subtraction in order to detect areas
of change. In order to improve the accuracy of change detection, LMSC proposed
an approach based on defining sets of descriptors for small regions of each scene,
and then comparing these sets of descriptors to indicate areas of change. These
ideas were directly relevant to some of the SAR change-detection problems of con-
cern to the RADC, and a short study was performed to develop our approach and to
conduct preliminary evaluations of these methods, using data furnished by RADC.
This report summarizes the results obtained from that study.

1.2 USE OF REGION-BASED DESCRIPTORS
FOR AUTOMATIC CHANGE DETECTION

Present change detection methods which use image alignment and subtraction
suffer from a number of disadvantages. Accuracy of alignment is usually critical,
and unless subpixel accuracy can be obtained, the number of false alarms is usually
unacceptably high. Such precision of alignment is extremely difficult to achieve,
especially when the imagery has been acquired at different perspectives and when
there is significant terrain relief.

These methods would be desirable if changes on the order of one pixel were
of some significance to a photointerpreter. Usually, however, objects of interest
are represented by a number of pixels, so that pixel-by-pixel comparisons may not
be required, or even desirable, because of the attendant false-alarm problem. Thus,
rather than determining changes on a pixel-by-pixel basis, what is required is that
regions of change be detected, with the detection process being insensitive to local
differences in contrast or noise.

This view led to the LMSC developed approaches, in which the basic idea is
to define a set of descriptor6 on small regions of each scene to be compared. The
values of these descriptors are then compared to indicate regions of change. These
methods all avoid the need for extremely precise preregistration of image frames.
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In additioni, since the number of descriptors is usually much smaller than the number
of pixels in each region, a certain amount of data compression is also achieved
using region-based descriptors.

In the change-detection approach proposed by LMSC, three kinds of region-
based descriptors were described:

Phase Correlation. The phase-correlation method (Refs. 1, 2, and 3) deter-
mines the amount by which two similar scenes are displaced from each other; this
is done by computing the inverse Fourier transform of the phase terms of their
cross-power spectrum. In applying this technique to the problem of change detection,
the phase-correlation profile is computed over small regions of contiguous pixels
in each pair of images. A strong peak near the origin indicates that the images being
compared are sufficiently alike. Conversely, a peak which is displaced from the
origin indicates that features in one image arc displaced with respect to features in
the other image, and the absence of a strong peak indicates a lack of similarity
between the two scenes. The last two cases can be used to indicate a region of
change between the two images.

Power-Spectral Correlation. For two image segments which are sufficiently
alike, the power-spectral coefficients, as computed by Fourier transforming the
images, are also similar. Moreover, for features which are merely shifted from
one image to the other, the power spectra are identical, since all "naformation
regarding the shift resides only in the phase of the Fourier spectrum. By retaining
only a subset of the power-spectral coefficients which are likely to contain informa-
tion about changes of interest, some data reduction is possible using this method.
In applying power-spectral correlation to change detection, the power spectra are
again computed over small regions of contiguous pixels in each image after the
images have been approximately aligned. A subset of the spectral coefficients are
then correlated, and a sufficiently low correlation value indicates a region of change
in the image.

Moment-Invariant Functions. In the third methoa proposed, descriptors are
defined in the spatial domain, and consist of various functions defined on moments of
the pair of images. As before, small regions of each image are considered, and
image i ments are computed. A small set of moment functions is then calculated,
and tI -tree of correlation between the moment functions of two image regions
indicates L..3 degree of similarity between these regions.

Each of these proposed methods is detailed in Section 2. All of these methods
were implemented in this study, and applied to the data furnished. The details of!
the analysis are provided in Section 3; the results are discussed in Section 5. Asummary of the results is given in the following subsection.

1.3 SUMMARY OF RESULTS

SAR data furnished by RADC was preprocessed and aligned approximately,
prior to change detection analysis. Each of the three proposed change-detection
algorithms was applied to the SAR images, and matrices describing the degree of
change between pairs of SAR images were obtained. The results of performing a
correlation among the three sets of matrices indicate that, while the results from
the three change-detection methods are consistent, they are only weakly correlated
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with a change matrix calculated on the basis of known, ground-truth data. A par-
ticular combination of the change-detection methods which was used also correlated
very weakly with the known matrix of target changes.

Because of these conclusions, a set of experiments aimed at determining the
quality of the available SAR images was devised. The SAR images were subjected
to a noise-analysis procedure and statistical measures of the estimated signal-to-
noise ratios in the images were developed. The signal-to-noise ratios were meas-
ured. The results of the statistical analyses indicated that the available SAR images
are excessively noisy.

The images were also analyzed from a knowledge of the available ground-truth
information. The analysis showed that an unacceptable number of targets of interest
are not visible in the furnished SAR images, thus giving rise to considerable differ-
ences between ground truth and image truth. The primary reason for this difference
appears to be the presence of large areas of low SAR signal return in the images.
Because of the presence of these shadow areas, the images themselves are poorly
correlated with the furnished, ground-truth information.

Based on the results obtained from the analysis of noise and from the analysis
of target visibility, we concluded that the usefulness of the three area-based change-
detection methods we investigated cannot be judged from the results obtained using
this particular set of data. For these change-detection methods to be effective, the
signal-to- nois e ratio in the available images must substantially exceed unity. It was
also clear that for reliable change detection a minimum target size is necessary, and
that most of the targets in the furnishedSAR images fail to meet the size criterion
for reliable change detection.

We conclude that, if data of the quality available for this preliminary evaluation
is to be processed by an automatic change-detection system, then certain other
approaches, based on a target-association scheme, should perhaps be used instead.
In one such scheme currently under investigation by LMSC, a method called symbolic
matching with confidence evaluation is used. This method extracts certain high-level
information from each image, such as target shape, size, orientation and spatial
relationships to other targets. Targets and changes in target configuration are
detected by analyzing this information. For each detected target, a confidence level
is assigned, and for each confidence level, an associated list of targets can be
generated. Reference and mission images are analyzed in this way to generate target
lists, and these lists are compared to obtain the change-detection result. The
advantages of this approach are: a high-degree of data reduction, potential for real-
time processing, greater tolerances for imprecise alignment of scenes, and varia-
tions in target return.
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Section 2

TECHNICAL APPROACH

2.1 CHANGE DETECTION BASED ON PHASE CORRELATION

The LMSC-developed phase-correlation algorithm is a technique for extracting
an accurate estimate of the relative displacement between two images from the phase
of their cross-power spectrum (Refs. 1, 2, and 3). The phase-correlation function
is obtained by first computing the cross-power spectrum as is done in the case of
cross correlation. The phase of the cross spectrurm is then extracted at each spatial
frequency by the operation

e = 1 2 (2-1)

1G 1 G2*1
and the inverse transform

d= F-[eJ@I (2-2)

is then computed. Here G and G2 are the two-dimensional, forward Fourier
transforms, and F -1 denotes the inverse Fourier-transform operator. Figure 2-1
shows a block diagram of the phase-correlation extraction procedure.

This procedure can be shown to yield all information about the translation
between two images; at the same time, the "whitening" of the cross spectrum, result-
ing from ignoring the amplitude spectrum,can be shown to remove most scene depend-
ence and to yield a narrow peak whose location is directly related to the vector trans-
lation between the images. Also, as in the case of normalized cross correlation, the
phase-correlation peak location and amplitude is invariant under a scaling or a level
shift of the image-intensity function.

The peak height of the primary peak obtained from the phase-correlation algo-
rifhm procedure can be shown to be a sensitive indicator of scene similarity (Ref. 2).
Given the number of pixels used, the probability of a false match is determined only
by the peak height in a manner shown in Figure 2.2. Scene changes can be detected
by performing a series of correlation computations over local regions of two images
which are only approximately aligned, and by comparing the peak amplitudes obtained.
Regions of change produce peak heights which are significantly lower than average.

In the present study, the similarity measure used in connection with the phase
correlation algorithm is one which considers both the primary-peak amplitude and its
displacement away from the origin. For the purposes of change detection, it is
desirable to indicate a region of change either if the computed-peak amplitude is
sufficiently low, or if the primary peak is sufficiently displaced from the origin.
Therefore, a similarity measure which takes into account peak amplitude, as well as

2-1
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diplacement, was constructed. If P denotes the primary-peak amplitude, and
denotes the computed vector displacement of this peak, then a definition of the
similarity measure is

S P . (2-3)
i + 4-jt2

Here, a is a conveniently chosen scale factor which determines the relative impor-
tance given to peak displacement from the origin.

Computation of the similarity measure is shown in diagrammatic form in
Figure 2-3. In applying the phase correlation algorithm to the problem of change
detection,it is sufficient to determine the peak amplitude, and a displacement vector
for each pair of regions in the two images. This information can be combined later
in a variety of ways to construct the most appropriate form of similarity measure
for a particular situation.

Unlike the other two methods, change detection by the phase-correlation tech-
nique does not allow the possibility of data reduction, because the correlation
between each region of the reference and mission images must be computed. Thus,
the entire set of pixels for each image must be stored and used in the computation.

Finally, regions of probable change are flagged by analyzing the ensemble of
similarity measures generated for the set of elementary regions. Regions for which
the similarity measure fails to exceed a certain, fixed threshold can be tagged as
regions of change. Or, a variable threshold can be computed, so a fixed fraction of
elementary regions is always selected for possible change.

2.2 CHANGE DETECTION BASED ON POWER-SPECTRAL COEFFICIENTS

The Fourier power spectrum of an image, being the transform of the image
auto-correlation, is insensitive to translations of the image. In the case of the dis-
crete Fourier transform, this statement is strictly true only for images composed of
objects located within a uniform intensity border, or for cyclically shifted images.
The spectra of finite, continuous images will approximately satisfy this property,
provided the translations are small. Thus the power spectra of two similar images
will be quite similar, even though the images are only approximately aligned.
Therefore spectrum-based descriptors can be used as a basis for change detection.

In the present study, emphasis is placed on those regions of the spectrum which
are most likely to contain information about changes of interest. Since spatial fre-
quencies in the neighborhood of the origin contain primarily information about image
bias and shading,a certain region around the origin can be ignored. Also, since the
highest-spatial frequencies are likely to be noise, primarily if the image has not been
adequately sampled, spatial frequencies above a certain cutoff value may also be
eliminated. This procedure allows a certain amount of data reduction in defining a
set of image descriptors for each elementary region of the images to be compared.
In addition, the fact that the Fourier power spectrum has the property of inversion
symmetry is useful in reducing the data store requirement by an additional factor of 2.

2-4
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Figure 2-4 shows the power-spectral coefficient procedure as applied to the
change detection problem. An elementary region in the image is assumed; for this
region, the Fourier spectrum is calculated, then a certain annular segment of these
coefficients is retained, as the set of image descriptors for that elementary region.
One-half of the spectral coefficients in the annulus are redundant and need not be
stored.

In determining the degree of similarity between two images, first the images
are approximately aligned, and an identical set of elementary regions is defined on
each. The above subset of power-spectral coefficients is then calculated for each
elementary region. Two corresponding elementary regions are determined to be
identical if the correlation coefficient between the two sets of spectral descriptors
is sufficiently large, that is, the function f of Figure 2-4 is simply the correlation
coefficient. The use of such a procedure eliminates the effects of simple contrast
differences or other scaling effects between the two images.

As in the case of phase correlation, the ensemble of similarity measures (in
this case the correlation coefficient) can now be analyzed and regions of change flag-
ged. In this second methodthe important advantage is that the reference-image
pixels are not required to be stored. Only a small fraction of the power-spectral
coefficients for each region are retained.

2.3 CHANGE DETECTION BASED ON IMAGE MOMENT INVARIANTS

The third method which has been investigated for change detection is based on
the set of descriptors referred to as invariants of image moments. Given an elemen-
Uary region of an image, it is possible to define a set of quantities that can be shown
to be invariant with respect to a number of transformations of the original image
(Ref. 4 and 5). Since the moment invariants method has not been so widely used as,
for instance, the phase-correlation method, some of its details are given here.

For a two-dimensional image f(x, y), a set of moments can be defined, as

mpq xp yq f(x,y) dxdy , p,q = 1,.2, ---. (2-4)

-00 -00

A modified set of moments which are insensitive to a translation of the image can be
defined as:

Ppq = f (x-)P (yy)q f(x,y) dxdy (2-5)

00O -0

X = m 1 0 / 10 0  ,o~ y00
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These are referred to as the central moments of the image (referring to the image
centroid).

Based on the set of central moments j pq , it is possible to define (Ref. 4) a
set of seven invariant functions 0(n), n = 1, -- 7. These functions (the definitions
of which are given in Table 2-1), can be shown to be insensitive to translation as
well as to rotation of the original image. A further set of six quantities
P (N), N = 1, -- 6, can be defined such that they are invariant to rotation, transla-
tion, scaling changes, and contrast changes in the original image. These quantities,
defined in terms of the 0 functions, are listed in Table 2-2 (see Ref. 5).

As in the case of the previous two methods, the above described invariances
are, of course, only true for images embedded in a uniform background; for finite,
continuous scenes, some variation will occur. Again, extremely precise alignment
of image frames to be compared is not needed, and only a very small number of
descriptors (6) are required to be stored for each elementary region in the reference'
image. Therefore, this technique has the greatest potential for data reduction. As
before, change detection is accomplished by comparing the sets of moment invariants
P defined oncorresponding, elementary regions. In the present study, a correla-
tion-coefficient function was used for the comparison.

Figure 2-5 shows the way in which the moment-invariants method is applied to
the problem of change detection.

i COMPUTE MOMENTS

Mq =// Py4 f (.,y) ddy

S COMPUTE
INVARIANT MOMENTS

DI,k (k=1,2..6)

COMPUTE SIMILARITY
MEASURE FOR TWO IMAGES

SI f [DI (1), D1 ( 2 )SCENE: 
f (x,y)

Figure 2-5 The Use of Moment-Invariants Descriptors
in Change Detection
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Table 2-1

FUNCTIONS OF CENTRAL MOMENTS WHICH ARE INVARIANT
UNDER TRANSLATION AND ROTATION

001) - 12 + u 2 (2) = (P20 - P02) 2+ 4P,

0(3) - (U30 - 3'1 2 ) 2+ 3pl- P)2 0 (4) = (#0- P1)2+ +P2 P0)2

#() ("30 - 3P12) (P30 + p"12) [(P30 + /112)2 - 3 (p21 +. #0)2 ]

+(3#21 -, P03 ) (921 + M03) [3("30 + 'U12) - ('u21 + )2

0( 6 ) - ( 12 0 - 9 0 ) [ ( u 3 0 + " 1 2 ) 2 - ( 2 1 + P 3 2

+ A4 1 (P30 +M1 2) (P21+ U3

11(7) -(3P21 o)uo 1)Q3 ~2 - 3(2 + ,0)21

-('30 3 'U1 2) ("21 + #03) [3( '30 + P 12) 2 ("21 + "0)2]
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Table 2-2

FUNCTIONS INVARIANT UNDER TRANSLATION, ROTATION,
CONTRAST CHANGE, AND SCALE CHANGE

'(1) = - - ,(2) = 0(3) 00

/(3) = 04)P(4) = T3-T

j6(5) = -(6)
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Section 3

SAR-IMAGE ANALYSIS USING REGION-BASED DESCRIPTORS

3.1 SAR IMAGE DESCRIPTION

In order to evaluate each of the three region-based change-detection methods
described in Section 2, the algorithms developed were applied to synthetic-aperture
radar image data furnished by RADC. Some preprocessing of all images was
required before the algorithms could be applied. A brief description of the images
is given here, and some of the processing steps required for analysis are described
in the following sections.

The RADC supplied images consisting of 14 image files (two matching sets of
7 files each). The images correspond to data acquired by airborne radar flown at
various altitudes and directional headings. The radar data was processed by a
SAPPHIRE real-time digital signal processor, and is made available in the form of
a sequence of digital data files on magnetic tape. The nominal ground resolution in
these images is about 10 ft/pixel. Each image has 1000 lines of data, with 1026
pixels/line. Table 3-1 lists the various altitude, and headings for each image frame
of the two sets of SAR images.

In our analyses, the original SAR images were averaged down to 512 x 500
pixels, with a 20 ft/pixel resolution. For 256 x 256 images this is equivalent to an
area of 0. : x 0 84, or 0°69 (NM )2 .

Table 3-1

SAPPHIRE SAR IMAGE DATA USED FOR CHANGE DETECTION

Serial File Flight/Pass Heading Altitude
No. (deg) (ft)

1 1 1/8 272 10,200
2 2 1/9 282 7,700
3 3 1/10 272 7,700
4 4 1/11 272 7,700
5 5 1/12 270 7,700
6 6 1/13 266 7,700
7 7 1/14 262 7,700
8 8 2/1. 262 7,700
9 9 2/2 266 7,700

10 10 2/3 270 7,700
11 11 2/4 272 7,700
12 12 2/5 272 7,700
13 13 2/6 282 7,700
14 14 2/7 272 10,200

Flight 1: Mission 7168 of 6/17/77
Flight 2: Mission 7181 of 6/30/77

Image pairs are (K, 15-K), K= , --- 7

3-1
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When displayed on a video monitor these images show a number of ground

features. These include rows and stands of trees, a number of large buildings and
other fixed structures, a set of rows of radar marker targets, and also some large
areas of SAR shadow. Some of the ground features were of use in registering approxi-
mately the various image frames with one another.

In addition to these features, each image frame also contains a number of radar
targets of interest for change detection. One set of targets appears in the same loca-
tions on the ground in each image frame. These targets are referred to as static
targets. A second set of targets, called the movable targets, occupies a different set
of locations in each of the two sets of images. Ground-truth data was made available
which accurately describes the location on the ground and the nature of each target of
interest.

3.2 IMAGE PREPROCESSING

The RADC supplied computer-compatible tape (CCT) was unpacked to yield
1026 x 1000 8-bit words according to the data-formatting description supplied by
RADC. These pictures, when viewed directly, appear to be of limited dynamic range.
In addition, several frames have data drop-outs of one or more lines where the data
appeared to be all l's.

Transforming each frame (on a pixel-by-pixel basis) according to the exponential
transformation

y 1.0331406 ** x (3-1)

as suggested by RADC, yields improved pictures in terms of contrast range and
visibility of features. However, this transformation does increase the noise levels in
these pictures also. This fact is of some importance since an analysis of
these images subsequent to applying the change detection algorithms yielded the conclu-
sion that the image signal-to-noise ratios were not acceptable (see Section 3.4) for an
adequate test of these methods.

As a final step in the preprocessing of these images, the 8-bit results obtained
from the above exponentiation operation were linearly stretched to 9 bits . This was
done in order to take advantage of the 9-bit image-memory dynamic-range capability
available. The images resulting from the above set of transformations were used for
each of the three change-detection analysis methods.

As an example of the quality of SAR images resulting from these preprocessing
operations, shown in Fig. 3-1 are a pair of images of approximately the same area
of the terrain. Some of the features of interest discussed in Section 3. 1 may be noted
in both image frames. These photographs are representative of the quality of the
available images and were used in the change-detection analysis. Figure 3-la and
3-1b represent the arrangement of targets on two separate days, referred to as
Situation 1 and Situation 2. A number of changes in target configuration are visible
between the two images.
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Figure 3-1 Representative SAR lmagcry for Change Detection
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3.3 IMAGE-QUALITY EVALUATION BASED
ON AVAILABLE GROUND-TRUTH INFORMATION

In a preliminary visual inspection of the digitized image frames, some difficulty
was experienced in detecting a number of the static targets. In addition, a number of
the movable targets appeared in some frames, but not in others.

In order to determine possible reasons for the inability to detect some of the
targets, an analysis of the images was performed using available ground-truth infor-
mation about the targets supplied by RADC. This information was quite detailed, and
included a specific description and photographic views of each target, and a location
specification (in terms of latitude and longitude) which enabled each target to be
located to within a pixel of its position on the ground. Targets were also specified as
being either static or movable targets. Also available was a copy of the analog,
SAR-imagery film containing the original image data.

Inspection of the original analog photographic data showed that the digitized
images were not significantly worse in image quality than the originals. The remain-
der of the analysis was therefore confined to the digitized images provided. Of the
14 images supplied, 7 were selected for analysis. For each of these, the estimated

locations of all appropriate static and movable targets were computed and plotted.
Estimates of the pixel locations of all targets were made by a least-squares method of
analysis. In this procedure, as many strong targets as possible are first identified

in a particular image frame. Each target's latitude and longitude are determined
from ground-truth information, and the pixel location of each is measured on the
video display by a pair of cursors. Using the list of pixel locations and latitude/
longitude values, a solution is next obtained to the coefficients of the pair of equations.

u = ax + by + c (3-2)

v = dx + ey + f (3-3)

where the coefficients a, b, c, d, e, and f are computed so as to minimize the value
of an error term. If more than three such targets are used, the solution to the above
equations is overdetermined, and both a best-fit estimate of the coefficient values, as
well as an estimate of the error for the fit are obtained from this procedure. Between
five and fifteen targets were used in the least-squares fitting procedure for each image
frame, and in each case the residual r. m. s. error was less than one pixel in each
d irectiop. These results seem to show that the constraints requ;red on the altitude
and heading during data acquisition had been met very well.

The computed coefficients used to transform latitude and longitude to pixel loca-
tion in the image frame were then used to plot the estimated locations of all targets in
each image frame. As an example, Figure 3-2 shows the estimated locations of all
targets within each image frame for the two (Situation 1 and Situation 2) images shown
in Figure 3-1.

This procedure revealed that the primary reason for the inability to detect a
number of the static targets is that they are located in areas of SAR shadow in the
furnished images. In addition, most of the targets of interest are not of sufficient
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extent or strength to be distinguished clearly from the background. A reason for
this may be the fact that the static targets are, in general, smaller in size than the
movable targets in both image sets.

Table 3-2 summarizes the visibility of static targets in a representative image
frame. Ground-truth data indicates that targets numbered 20 through 27 in the table
are all small vehicles.

The procedure described previously for determining the visibility of targets was
performed on the pixel-averaged versions of an image frame, so that the entire image
could be displayed as in Figures 3-1 and 3-2. However, since many of the targets
appear to be difficult to see in these averaged-down images, the above procedure was
also applied to a segment of the full-resolution SAR image. For this purpose, a
segment known to contain the least visible set of fixed targets was selected.

Figure 3-3 shows a 512 x 512 pixel section of the original full-resolution, SAR
image. Many of the brighter objects, which are buildings and other structures, can
be identified with objects in Figures 3-1 and 3-2. The particular group of targets of
concern was the set of fixed targets numbered 20 through 27 in Table 3-2. These
targets are clustered together in the general area of the SAR shadow which can be
seen at the top center of Figure 3-3. In this area one strong target that can be seen,
is identifiable with target No. 18; another target can be seen, but is very weak in
comparison with the returns from the movable targets that can be seen in various
parts of the picture. Targets 20 through 27 as a group are not visible in this
full-resolution image, just as they are invisible in the reduced resolution images of
Figures 3-1. Therefore, we conclude that the problem in seeing some of the targets
of interest did not arise because of the averaging process, but rather was due to the
quality of the original SAR imagery.

It is of interest to note that a pronounced fringe pattern is visible over the entire
image frame in each of the full-resolution, SAR images. This characteristic makes
each target, both strong and weak, appear to be a multilobed structure, with multiple
sidelobes in the range direction.

3.4 EVALUATION OF IMAGE QUALITY BY STATISTICAL ANALYSIS

Because of the poor visibility of many of the targets in the furnished SAR
imagery, some further evaluation of the quality of these images was considered desir-
able. As a further check, some experiments were devised for this purpose, and some
statistical analysis of the image data was performed. These experiments are
described below.

When the set of images provided has been subjected to identical intensity trans-
formations, and have been registered with one another, several of these images
represent a picture of the same piece of terrain. In a noise-free situation they should
be identical; this is not the case for real images. However, images from the same
set should be sufficiently identical to permit two image segments to be correlated, and
a high-correlation coefficient to be obtained.

The situation may be described analytically as follows. Given two identical
segments of two image frames of the same ground area, the set of pixels in the two
segments can be described by (S+ N1 ) and (S+ N2 ), where the component S is the
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Table 3--2

SUMMARY OF VISUALr-STATIC TARGET DETECTIONS
IN PIXEL-AVEtRAGED SAR-IMAGE FRAME

Static Can Be With Cannot Comments
Target No. Seen Difficulty Be Seen

1 x In SAR Shadow

2 x

3 x

4 x

5 x Edge of SAR Shadow

6 x Edge of SAR Shadow

7 x Edge of SAR Shadow

8 x Not in SAR Shadow

9 x Not in SAR Shadow

10 x Not in SAR Shadow

11 x Not in SAR Shadow

12 x Not in SAI Shadow

13 x In SAR Shadow

14 x

15 X

16 x

17 x

18 x Edge of SAR Shadow

19 x Obscured by Stronger

20 x Reflections From

Marker Targets

21 x 1
22 x In SAR Shadow

23 x Region

24 x

25 Edge of SAR Shadow
26

27 x In SAR Shadow
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Figure 3-3 Full-Resolution 512 x 512 Pixel Segment of SAR
Imagery for Target-Visibility Experiment
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"signal" common to both images, and Ni and N2 are the "noise" components. It
is assumed that the noise in each image is independent and stationary. It is required
to form an estimate of the signal-to-noise ratio S/N 1 (or S/N 2 ) in each image.

For analysis, we compute the sum and difference images by adding
(subtracting), on a pixel-by-pixel basis, the two image segments. We also compute
the means and standard deviations of these sum and difference images, as well as
those of the two image segments themselves. For this purpose, the set of pixels in
each image segment is treated as a one-dimensional array.

The variance in each image segment (I and 2) can be described as:

2 2 2O1=  s +  n1  34

and
2 2 2
2 2 + 2  (3-5)

6"2 a' g

When the sum and difference images are formed, their variances are given respec-
tively by:

2 2 2 2
(sum 46s +  n+ (3-6)%1 2

and

2 2 2%rdiff a + 2 (3-7)

due to the fact that the signal component adds directly in the sum image whereas the
noise component is independent in the two images. Now, assuming that 2 = 2 =

r2 , we get: nl "2

2 2 2 
auS 2a + (

2 2 (3-8

'diff gn

or, that
2 2 /

0. 'sum - diff (3-9)

2 crd2if
f

Which is the required expression for the signal/noise ratio in these images.
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An alternative way of estimating the signal-to-noise ratio is based on calculat-
ing the correlation coefficient p between the two image segments, again considering
each image to be a one-dimensional array of pixel values. The correlation coefficient
p can be related to the scene variance as follows.

2 2 +2 ~2 2 +2
l =s n , 22 a +  (3-10)

and

2 2I1 2  
=  a 8

where

al1 and IT2 2 refer to image 1 and 2.

From these,

2

2 2

and if we assume rn n2 ,then

I 2

2s 2 (3-12)

O0s +0*'

Therefore,

or
-E (3-13)
On

Equating the right-hand sides of Equations (3-13) and (3-9), it is possible to obtain

2 2 2
asum - 'diff ad sum I+0 P-14)

P 2 2 ' and --- = I-p (3
'Sum + 'diff IT diff

Thus, the image quality, in terms of the above defined signal-to-noise ratio, can be
calculated from either the sum and difference image variances, or from the correla-
tion coefficient.
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As an example of these calculations, the variances and correlation coefficient
were calculated for a pair of representative SAR images. A 128 x 128 segment,
chosen to contain no movable targets, was selected from each image and sum and
difference variances were computed.

Table 3-3 summarizes the results of these calculations, and shows the obtained
estimates of the image signal/noise ratio. These numbers are typical of the set of
SAR images supplied. It is seen that the signal/noise ratio is estimated to be only
about 0.7.

Table 3-3

SIGNAL-TO-NOISE RATIO ESTIMATES
FOR FULL-RESOLUTION, SAR IMAGES

Full-Resolution SAR Image
Image Size: 128 x 128 pixels

Mean Value Standard Deviation

Image 1 147.88 31.22

Image 2 146.80 31.16

Sum Image 294.67 50.54

Difference Image 1.083 36.57

Correlation p between images: 0. 3126

Calculated Signal/Noise Ratio

Based on Image Variances: 0.674 (Eq. 3-9)

Based on Correlation Value: 0.674 (Eq. 3-13)

From the foregoing calculations, we conclude that the signal-to-noise ratio in
the furnished SAR images is very poor, and that these images are inadequate for a
conclusive test of the area-based change-detection algorithms.

In order to improve the signal-to-noise ratio, a method of signal averaging was
tried on each of the image frames. In this method a new image is formed by averag-
ing a set of 2 x 2 adjacent pixels in the original image to form one pixel in the new
image. The resulting picture is half the size of the original picture in each dimension
(that is, contains one quarter of the original number of pixels). The averaged images
for two of the supplied image frames were computed, and the signal-to-noise ratio
analysis described previously was applied. The results of this experiment are sum-
marized in Table 3-4.
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The results in Table 3-3 and 3-4 show that the signal-to-noise ratio in the
furnished, SAR images is less than unity. The situation can be improved by a method
of pixel averaging, but the resulting image is still very noisy. A problem with the
pixel averaging process is that targets of interest which were a few pixels in extent
are now only one or two pizels in size in the averaged images. Thus an improvement
in the signal-to-noise ratio has been obtained by sacrificing resolution, which is now
approximately 20 ft/pixel in the reduced images. For this reason, area-based,
change-detection schemes will not necessarily work better with pixel-averaged images
(see Section 4.3).

Table 3-4

SIGNAL-TO-NOISE RATIO ESTIMATES
FOR REDUCED-RESOLUTION SAR IMAGES

Reduced-Resolution SAR Image
Image Size: 64 x 64 pixel

Mean Value Standard Deviation

Image 1 147.51 24.26

Image 2 146.42 24.00

Sum Image 293.93 42.05

Difference Image 1.09 23.67

Correlation p between images: 0.5188

Calculated Signal/Noise Ratio

Based on Image Variances: 1.04 (Eq. 3-9)

Based on Correlation Value: 1.04 (Eq. 3-13)

As a final experiment designed to show conclusively the importance of the image
signal-to-noise ratio'in these change-detection schemes, two, identical SAR images
were compared for change after independent noise of known mean and variance was
added to each image segment

Two, identical image segments of the full-resolution SAR image were used for
this purpose. (These image segments are the same as that referred to as Image 1 in
Table 3-3.) It was found that independently added noise with a standard deviation of
60.0 was needed to degrade the signal-to-noise ratio to a point where the correlation
between the image segments was as poor as that for two frames of the furnished SAR
imagery.

The results of adding this controlled amount of noise, and then performing the
signal-to-noise ratio calculations described before, are shown in Table 3-5. It should
be pointed out that the noise added in this experiment was wideband, that is, the noise
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samples were independent from pixel to pixel. This is not quite the kind of "noise"
that contributed to differences between nominally identical frames in the supplied
SAR images, where in addition to some scene noise, real differences in scene con-
tent (contributing to noise at low frequencies) gave rise to poor correlation between
images frames, and thus degraded the signal-to-noise ratio.

Table 3-5

SIGNAL/NOISE RATIO ESTIMATES FOR TWO IDENTICAL SAR IMAGE
SEGMENTS TO WHICH A CONTROLLED AMOUNT OF NOISE HAS BEEN ADDED

Full-Resolution SAR Image

Image Size: 128 x 128 Pixels

Mean Value Standard Deviation

Image 1 253.9 62.53

Image 2 253.2 62.61

Sum Image 507.1 99.57

Difference Image 0.727 75.82

Correlation p between images: 0.266

Calculated Signal/Noise Ratio

Based on Image Variances: 0.60 (Eq. 3-9)

Based on Correlation Value: 0.60 (Eq. 3-13)

The result of applying one of the change detection methods - the phase-
correlation algorithm - to the noise-added image pair indicates that, while most of the
elementary regions (32 x 32 pixels in size) are identified by the algorithms as being
approximately registered, the average peak amplitude obtained for the primary peak
is only about 0.27. This is in accordance with the known signal-to-noise ratio in the
images. However, in some cases, the algorithm indicates that a displacement of
several pixels exists between corresponding elementary regions. Thus, we are at the
threshold of good performance for the phase-correlation algorithm when the signal-to-
noise ratio is degraded to 0.6. Since this is comparable with the actual signal-to-noise
ratios in the furnished SAR images, we conclude that the available image quality falls
short of being acceptable for verification of the change-detection schemes. It may be
noted that the results from the above experiment, where wideband noise is added to the
image, will be better than the case in which an equivalent amplitude image noise
resides primarily in the distortions and variations in scene content.

3.5 IMAGE SEGMENTATION SCHEME

As described in Section 1.2, the use of each of the three methods of region-based,
change detection involves first defining a set of regions in each image. These regions
are a contiguous set of pixels and occupy the same location in each image frame to be
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compared. A number of schemes may be used to define the set of regions used for
change detection; the particular scheme used in the present study is described here.

Figure 3-4 shows a small section of two images being compared. For conven-
ience, each image is divided into a number of square areas adjacent to one another.
Also, for convenience in computing Fourier transforms, each image as well as each
of these squares was chosen to be of a size which is an integral power of 2 on a side.
Typically, each image is 256 x 256 pixels, while each elementary square is 16 x 16
or 32 x 32 in size.

The elementary regions on which the various descriptors were calculated con-
sist of these equare areas which are 16 x 16 or 32 x 32 pixels in size. However,
adjacent regions are not the adjacent squares, as shown in the figure. Rather, the
adjacent elementary region is that which overlaps the previous region by half the
number of pixeis per region. This scheme was used, so that pixels which are on the
border of a given region would be in the interior of some other adjacent region.
Similarly, the next row of elementary regions also overlaps regions in the previous
row by half the number of pixels.

The number of elementary regions for which the similarity measures for each of
the three change-detection methods need to be calculated depends on the size of each
elementary region, as well as on the size of each image. As an example, for an image
size of 256 x 256 pixels, and an elementary region of size 32 x 32 pizels, there will
be 15 x 15 , or 225 elementary regions defined. In general, for an image size of
2n x 2n pixels, and a region size of 2 k x 2 k pixels, the number of regions is
J2n+ 1/ 2 k - 1i.

The following considerations govern the choice of size of each elementary region.
As the size of each region is made smaller, the detection of possible changes is indi-
cated with greater resolution, since the number of elementary regions is increased.
At the same time, a larger number of descriptors (one set for each region) must now be
be calculated, and, thus, there is an undesirable decrease in the capacity for data reduc-
tion which region-based descriptors can provide. A second consideration determining
cell size is a statistical one. In the presence of image noise, it is desirable to have
regions that are large, in order that the computed values of the descriptors used should
be noise-averaged over as many pixels as possible.

A third consideration concerns the possibility of imperfect overlap between two,
elementary regions to be compared, because of approximate initial registration, or
some rotation between two images which are otherwise well-registered over some
small area. The size of an elementary region in this case needs to be finite even
though the image signal-to-noise ratio is very high, because of possible edge effects as
seen by an "invariants" descriptor.

As in the case of image noise, misregistration can also be described in terms
of an effective "signal-to-noise" ratio. If an N x N scene is shifted in each direction
by I pixels, the common area between the two segments is now:

w= (1 - I/N) 2  (3-15)
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Figure 3-4 Image-Segmentation Scheme and
Processing Sequence
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Assuming a stationary scene, the "signal" power is proportional to W , while the
"noise" power is proportional to (1 -w) . Thus the effective signal-to-noise ratio as
seen by an invariants descriptor will be

SNR = W i- /2 G I /

[ 2 2where r. = (1-2/N) (3-16)

is the fractional overlap ratio in each direction.

The manner in which this "signal-to-noise" ratio behaves as a function of
fractional-overlap ratio is shown in Figure 3-5. As an example, for a shift of
2 pixels in a 32 x 32 image segment, the signal/noise ratio is approximately 2. 7;
for a 2 pixel shift in a 16 x 16 image, the S/N ratio is only 1.8. For the signal/
noise ratio to be better than, say, 3, the correspondig registration must be
achieved such that the fractional overlap is better than 0. 9 in each dimension.
These results show that, if the possible lack of registration of 1 or 2 pixels is not to
be a limiting factor in the comparison of two, image segments, then the size of each
segment must be about 32 x 32 pixels or larger.

A good choice for the size of regions to be used can be made if the sizes of the
targets of interest are known beforehand. In that case,the elementary regions can be
chosen to be of a size comparable to the size of these targets, or somewhat larger,
unless considerations of noise or overlap prevail. In the present case, all targets of
interest were comprised of 5 (or less) pixels ; however, the conclusions from the
previous discussion of the overlap problem, and the presence of significant image
noise (Section 3.4) dictated the use of regions no smaller than 32 x 32 pixels.

3.6 DATA PROCESSING SEQUENCE

The preliminary processing steps and the segmentation scheme for defining
elementary regions were discussed in the previous subsections. The sequence of
operations required for the automatic detection of change between a pair of imates
can now be summarized:

a) Align images to within the required tol..-ance

b) Select a size for the elementary regions to be processed

c) For each elementary region, compute descriptors for each of the three
algorithms,

- phase correlation
- power-spectral coefficients
- moment invariants

d) For each algorithm, compute a similarity measure for each elementary
region
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e) Examine the global statistics for each set of similarity measures and
determine global thresholds

f) Flag those areas for which the similarity measure fails to exceed the global
threshold, as being likely areas of change.

In this section, the processing details for each of the three algorithms are discussed.

Images were aligned prior to change detection by a least-squares fitting pro-
cedure similar to that described in Section 3. 3. A number of prominent features
common to both images of a pair to be compared were selected, and coefficients
for the best fit to align one image with the other were calculated. Because of pos-
sible problems with any interpolation schemes for resampling, the comparing of two
images was confined to those having the same nominal directional heading. In this
way, images could be aligned by specifying only a vector translation between image
frames. After alignment, sections of each image from identical locations were
selected for further analysis.

The tolerance required for the initial approximate alignment of images is a
function both of image detail and image noise. Because of the poor signal/noise ratio
in these images, the question of alignment tolerance was analyzed in some detail.
These details are described in Section 4. 1. The selection of size of an elementary
region for processing is also dependent of the image noise, and has been discussed in
Section 3.5.

Also, because of the signal/noise problem with these images (and because of the
availability of a 512 x 512-pixel image memory), the change-detection algorithms
were applied to images which were pixel-averaged versions of the original image.
This averaging procedure has been described in Section 3.4. This has the advantages
of somewhat improving the signal-to-noise ratio; also a larger segment of each image
could be processed at one time. A disadvantage now is the reduced resolution of
targets of interest.

A 256 x 256-pixel area of each image to be compared was selected. The
elementary region for each of the algorithms was 32 x 32 pixels. Using this scheme,
a total of 15 x 15, or 225 similarity measures are thus computed over the area of
each image pair analyzed.

For phase correlation, each pair of elementary image segments to be compared
was first Fourier transformed. A cosine-weighting window was applied to the data
for this purpose. The cosine weighting minimizes the contribution of the dissimilar
parts of the two segments at their edges, especially when there is some lack of over-
lap. Cosine weighting is also useful in reducing the effect of any image shading which
may be present. An effect of the weighting is that the primary peak is somewhat
broadened in the phase-correlation output. This fact is of minor importance, since
the peak location is determined with sub-pixel accuracy by a process of quadratic
interpolation in the developed phase-correlation algorithms used here. For each
calculated primary peak amplitude and vector displacement, a similarity measure
based on the definition in Equation 2-3 was calculated, using a Ci value of 1. (The
displacement here is expressed in pixels, and p is a normalized, peak height with a
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value in the range 0 to 1.) Based on the image-segmentation scheme used, these
calculations gave a matrix of values of the similarity measure for phase correlation,
a matrix which we term the phase-correlation change matrix.

For power-spectrum change detection, each elementary region to be compared
was again first cosine weighted, then Fourier transformed to obtain power-spectral
values of a matrix of 32 x 32 values, all elements outside of a 21 x 21 region
around the origin were discarded. Also, a region of size 9 x 9 pixels around the
origin was set to zero. This procedure leaves a set of 180 significant power-
spectrum values for further analysis. Thus, a reduction of the data by a factor of
approximately 0. 18 is achieved in this process.

Similarity measures for each region were computed by calculating the correla-
tion coefficient between the set of power-spectral values for each image. This
procedure has the advantage that the image regions are not required to be normalized
or contrast-equalized prior to doing the analysis. This procedure also yields a
similarity measure which is in the range 0 to 1, and,again, a matrix of 225 values
were obtained for the entire image. We term this matrix the power-correlation
change matrix.

For the third method using invariant moments, cosine weighting was used also.
This has the effect of minimizing the effect of strong features which appear at the
edges of an elementary region, since in moment computations, the edges are strongly
weighted over the remaining parts of the region. A series of fast-vector product
operations were used to generate the various moments, and the six invariants as
described in Table 2-2 were calculated.

The similarity measure in this case consists of the correlation coefficient
between the six invariants of the corresponding, elementary regions in each image.
Again, a number normalized to the range 0 to 1 is obtained, and a matrix of 225
similarity measures is generated. This matrix is called the invariants-correlation
change matrix.

3.7 DATA ANALYSIS

The results of applying each of the three, change-detection algorithms to a pair
of corresponding images as described in the previous section is a set of three
"change matrices", each of which has 225 elements. In an operational change-
dptection processor, these matrices would be subjected to some thresholding opera-
tion (the threshold having been previously determined, or being calculated based on
the statistics of the ensemble of similarity measures, as described in Section 3.6).

In the present study, it was desirable to determine some method by which the
results of the three change-detection schemes could somehow be related to our
knowledge of the location of targets on the ground, in order to obtain an absolute
measure of how well each algorithm performed. Therefore, instead of an analysis
of each change-detection matrix separately, a method for comparing each- change
matrix with an "ideal" matrix of known target changes was devised. Also, each
change matrix could also be correlated with each of the other two, in order to deter-
mine whether the three methods were in some sense consistent with one another in
their performance.
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The ideal or theoretical "change matrix" is generated from a knowledge of the
pixel locations of all movable targets (this is known from available ground-truth
data) in the following ways: an image-segmentation scheme identical to that used for
each change-detection scheme is first defined. Each movable target is then mapped
into one or more of the defined, elementary regions. A map of the number of targets
in each region is thus created, and such a map is generated for each of the two
Situations, 1 and 2, for which images are available.

Each map of the number of targets is also a 15 x 15 matrix, in which elemen-
tary regions with no targets in them have a value of zero; other regions have a value
equal to the number of targets present. We now take the absolute difference between
the target map for Situation 1 and the target map for Situation 2. (Because of this
differencing, only the movable targets need be considered in defining the theoretical-
change matrix.) The resulting 15 x 15 matrix of values is in some sense the ideal
pattern of change against which any derived change detection results could be com-
pared. We call this matrix the theoretical change matrix.

Analysis of the data now consists of correlating each of the three derived
change matrices with the above theoretical change matrix. An example of the
theoretical change matrix for a 256 x 256 image segment, with a cell size of
32 x 32 pixels, is shown in Figure 3-6. Also, in Figure 3-7 is shown the change-
detection matrix derived from applying the phase correlation algorithm to the same
image areas.

Finally, the results obtained from correlating each of the three change-
detection matrices against the theoretical-change matrix, as well as against one
another, are summarized in Table 3-6. We note that the three methods seem to be
consistent in their results, but have a weak correlation with actual ground-truth data.
This may be due to the poor visibility of a number of the targets, as previously
described (Section 3.3).

3.8 COMBINATION OF ALGORITHMS

The results obtained separately from the three, change-detection algorithms
were combined, in order to determine whether such a combination could result in a
more effective change-detection procedure. The results of such an experiment are
described below.

For each of the three change matrices, a threshold was chosen such that a
fixed number (about 35) of points exceeded the threshold. Each change matrix was
then converted into a binary matrix by using this threshold value. The three
binary matrices were then added to produce an overall change matrix. This result-
ing matrix is not a binary matrix.

The sum of the binary matrices was then correlated with each of the three
individual change matrices and with the theoretical matrix of target change. The
results were negative; the correlation with the theoretical change matrix is only
0. 17. The correlation with each of the three individual change matrices is* lower
than this value. Also, the correlation between the binary versions of each change
matrix was also found to be insignificant. Therefore, we conclude that we have not
obtained significant results in each of the three change-detection methods applied
separately, and, thus, that the method for combination of the results needs further
verification.
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Figure 3-6 Theoretical Matrix of Target Change;
SAR Images from Situations 1 and 2
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139 5 36 124 34 27 146 62 181 6 56 284 70 16 1
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I1 2 441 27 2 339 26 26 39 171 32 218 30 26 15

213 3 36 19 4 9 9 6 2 7 127 234 39 79 153

11 127 211 197 6 25 17 153 167 2 171 7 19 6 16

216 62 84 25 61 236 26 88 89 5 121 17 24 1 146

28 8 90 159 184 36 270 65 337 123 145 3" 36 79 3

255 225 91 158 5 17 64 10 129 227 43 31 28 99 14

16 383 287 1 47 279 16 328 256 290 253 28 518 317 18

236 259 3 74 418 24 3 9 30 24 313 1 377 399 6

152 349 169 366 109 382 283 292 331 154 22 289 216 312 113

317 233 421 245 324 451 376 331 251 451 222 479 87 281 219

346 132 16 391 438 45 11 14 362 52 251 163 71 7 357

Figure 3-7 Phase-Correlation Change Detection Matrix
SAR Images From Situations 1 and 2
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Table 3-6
RESULTS OF CORRELATION BETWEEN THE VARIOUS

CHANGE-DETECTION TECHNIQUES

PHASE CORRELATION POWER CORRELATION INVARIANTS CORRELATION
CHANGE MATRIX CHANGE MA~TRIX CHANGE MATRX

THEORETICAL
CHANGE MATRIX 0.4843 0.5028 0.6552

PHASE CORRELATION
CHANGE MATRIX 0.957 8.9883

POWER CORRELATION
CHANGE MATRIX 8.9376
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3.9 DETECTION RATE AND FALSE-ALARM ESTIMATES

It must be emphasized that the three algorithms which were discussed are all
algorithms for change detection, and not for the detection of targets as such, in
imagery. These approaches are intended solely to give a reliable indication either of
the presence of a previously absent target, or the absence of one previously present.
If a strong target is present in the same location of two image frames to be processed,
each of these techniques will (quite correctly) not indicate presence of such a target.

In view of this fact, questions regarding detection rate and false-alarm proba-
bility must be interpreted somewhat differently from the conventional situation when
targets are being detected. In our approach the emphasis is on detecting regions of
change (either correctly or incorrectly), and thus any estimation of detection proba-
bility should include this consideration. (By prior discussion with RADC, region-
based criteria for determining these error rates were determined as being more ap-
propriate to our investigation than conventional measures.)

As an example, the detection rate for regions of change is computed as follows.
Figures 3-8, 3 9, and 3-10 show three maps which are the outputs from each of the
three change-detection algorithms. These figures represent regions of the image area
which were analyzed, and those regions labeled 1 are areas in which significant change
was determined to have occurred. Figure 3-8 represents the output of the phase cor-
relation algorithm, with 34 detected instances of change; Figure 3-9 is the output from
the power spectrum correlation method, from which 33 changes were found; and
Figure 3-10 shows 34 areas of change as determined by the invariant moments ap-
proach. For reference, compare the target difference map as generated from avail-
able ground truth data (Figure 3-6).

With reference to Figure 3-6, the fraction of number .of correct areas of change
detected by these algorithms can be computed as 22% for phase correlation, 28% for
power spectrum correlation, and 14% for the invariant moments correlation, respec-
tively. Because the outputs from these algorithms are based on comparisons of ident-
ical regions on the ground rather than of specific targets, we believe that the answer
to questions such as "number of targets detected" can be given only on a statistical
basis, as above.

The number of false alarms (again referred to the fraction of regions incor-
rectly labeled rather than to the number of false targets) is also estimated iti a simi-
lar way. Referring to the Figures 3-8, 3-9, and 3-10, regions which are mislabeled
in these as areas of change are included in the false-alarm figure; the rate turns out
to be 23 false alarms for the phase correlation method, 19 for the power spectrum
method, and 27 for the invariant moments method. Since the region over the total
image is of area 0.69 (NM)2 "(Section 3-1), this amounts to false-alarm rates of 25.2/
(NM) 2 , 27.7/(NM) 2 , and 39.2/(NM)2 , respectively, for these three techniques.
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Section 4

SENSITIVITY ANALYSIS

4.1 IMAGE OVERLAP

The previous section has described in detail the three change-detection
algorithms investigated under the present study, and some of the results obtained.
Although the results from all of these methods appear to be consistent, they are only
weakly correlated with actual ground-truth data.

An analysis of the image signal-to-noise ratio indicated that the input images
for analysis were excessively noisy (Section 3.4); also, large areas of SAR shadow
caused many targets to be invisible (Section 3.3) in these images.

Given the signal-to-noise ratio available in the furnished SAR images, it is
possible to analyze the images, so as to obtain an estimate of the degree of change
which can be reliably detected. From the results of Section 3.4, we know that the
correlation between two nominally identical areas of two SAR images is only about
0.7. We now determine the way in which the correlation of the change-detection
matrix between two identical segments of the same SAR image drops off, as the over-
lap between these image segments is gradually decreased. This can be done for each
of the three algorithms by calculating the change-detection matrix for an image seg-
ment. Then calculating the same matrix for an image segment which is displaced by
one or more pixels from the first. By progressively decreasing the degree of over-
lap, the correlation should gradually be seen to decrease. Also, since a number of
elementary regions (225) are being analyzed, it is possible to gain some idea of the
average behavior of the correlation fall-off with lack of overlap.

Figures 4-1, 4-2 and 4-3 show the manner in which the correlation between two
image segments falls off as the area of overlap is reduced. Figure 4-1 shows the
results for the phase correlation algorithm. Figure .4-2 shows the results for the
correlation of power-spectrum values, and Figure 4-3 for the moment invariants
method.

Results for the moment invariants method are the most uncertain, as indicated
by the large error bars (these how the 1o limits in the correlation estimate in
each of the three cases). In conjunction with the results described in the next section,
these results can be used to determine the degree of change (size or intensity of
targets of interest) which can be detected by these methods.

4.2 TARGET SIZE

As a further experiment, a series of correlation measurements was performed
on a pair of identical 32 x 32 segments taken from one of the SAR image frames,
except than an artificial target was embedded in one of the segments. The segment
was selected so as to contain no target Initially, and for each correlation experiment
a target of specified size was embedded. In each case the target intensity was fixed,
ad was chosen so as to be consistent with the intensity of the stronger targets
ai-tuidly present in the original SAR images. The size of the embedded artificial
targets Lq specified in terms of the area in pixels 2 .
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Targets of size 1 x, 1 x 2, 2x2, 4x4, 8x8 and 16x 16 were used in
the experiments. As the size of the artificial target is increased, the correlation
between the two, image segments is reduced in each of the three algorithms. The
manner in which this occurs for each is shown by the set of three curves in
Figure 4-4, where the correlation coefficient is plotted against the artificial target
size (in pixels 2 ).

It is useful to compare the results of the previous section with the conclusions
drawn from the curves of Figure 4-4. A comparison shows that, if significant
change is indicated, for example, by the correlation coefficient falling to a value of
0. 7 for any of the three algorithms, then a minimum target size for significant
change (that is, one that produces the same degree of correlation) is 4 x 4 pixels.
This size is rather larger than any of the targets actually present in the available set
of SAR images. This consideration is apart from any loss of correlation that two
image segments may have because of independent image noise. In the presence of
image noise, the target is required to be even larger, in order to indicate significant
change.

4.3 IMAGE SIGNAL-TO-NOISE RATIO

The problem of independent noise in each image segment was analyzed in
Section 3.4. If significant image noise is present, this becomes the limiting factor
in a ,orrelation type of similarity measurement. The minimum target size for any
significant change is now increased if both image noise and overlap error are
considered.

We can note that, although pixel-averaging was used in the present study as a
method of noise reduction, this process may not contribute to greater change detec-
tion capability. This may be seen from the fact that the pixel averaging process does
not improve the signal/noise ratio by a factor of 2 . If the same size of elementary
region is used in both the averaged and the full-resolution cases, targets are now
only one-quarter of their forms size and contribute less to change. Use of some
fixed-minimum size of elementary region may be required because of the previously
discussed overlap problem.
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